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Abstract 
Obesity is increasing globally and can cause major 
chronic conditions. Much research has been completed 
in utilising digital technologies to optimise the self-
management of obesity. This research proposes an 
obesity management framework which highlights digital 
technologies to promote self-management of obesity. 
This work discusses preliminary research using image 
classification to promote food logging and 
crowdsourcing to determine calorie content of food 
images through aggregating the predictions of experts 
and non-experts. Preliminary results from image 
classification show SMO classifier achieved 73.87% 
accuracy in classifying 15 food items, which is 
promising as computer vision methods could be 
incorporated into food logging methods. Crowdsourcing 
results show that aggregated expert group mode 
percentage error was +2.60% (SD 3.87) in predicting 
calories in meals and non-expert group mode 
percentage error was +29.07% (SD 20.48). Further 
analysis on the crowdsourcing dataset will be 
completed to ascertain how many experts or non-
experts is needed to get the most accurate calorie 
prediction. 
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 Introduction 
Obesity is a major health concern in the UK, Ireland 
and internationally [1,5,4]. Obesity is used to described 
an individual who is excessively overweight. Being 
obese can have a detrimental effect on an individuals’ 
health as it can contribute to chronic conditions such as 
diabetes, bowel cancer, heart disease, and 
hypertension [2]. The main cause of obesity is 
attributed to individuals who consume high amount of 
calories but do not burn of the energy through physical 
activity or exercise, excess energy is then stored as fat 
in the body. Adults with a Body Mass Index (BMI) 
greater than 30 are likely to be obese. The World 
Health Organisation (WHO) states that 41 million 
children under the age of 5 years were obese worldwide 
in 2014 [3]. In the UK, research revealed that 67.1% of 
men and 57.2% of women aged 16 years and over 
were overweight or obese in 2013 [4]. The Northern 
Ireland Health Survey 2014/15 stated that 60% of 
adults were overweight or obese; and 28% of children 
were overweight or obese [4]. The Foresight Report 
2012 suggested that a 15% of males and 15% of 
females under 20 years of age will be classed as obese 
by 2025 [5].  
Related Work 
Much work has been completed in using digital 
technologies to promote management of obesity. For 
example, there has been an increase in the use of 
obesity management applications. Research has shown 
that keeping a logbook can help promote and maintain 
weightloss [6]. Obesity management services and 
applications are available across many devices; web 
applications offer the ability to document energy intake. 
Other research use images as a means to document 
energy intake. In [7], image analysis and 
crowdsourcing was combined to develop a system that 
determines the nutritional content from an image. The 
system crowd sources nutritional analysis from the 
Amazon Mechanical Turk Platform. The image is 
analysed to determine food type and portion size by the 
number of users on this platform and then calorie 
content is extracted from an API. Other research uses 
machine learning techniques to identify food types. In 
[8] research was conducted to predict what food item is 
present in images. This research [8] uses SURF 
(Speeded-Up-Robust-Features) with bag-of-features 
(BoG) and achieved 81.55% in classifying food images 
correctly. Research in [9] dataset achieved 50.76% 
accuracy in classifying food images through 
incorporating Random Forest classification with SURF 
and Colour features. 
 
Research Framework 
Figure 1 defines the areas in the proposed obesity 
management framework. Each component is associated 
with an area related to obesity management. These 
components have been informed by the literature 
review into current methods and technologies that have 
been used to promote the management of obesity 
[7,8,9,10]. This framework seeks to combine different 
methods to inform the development of an application to 
help promote the management of obesity and research 
has been completed in component 2, energy intake.  
Methodology 
This paper presents the work in Energy Intake 
monitoring. Two studies have been carried out: food 
image classification and crowdsourcing.  
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 Energy Intake Input – Food Image Classification 
This component will be concerned with using machine 
learning to promote food logging by classifying food 
items within an image to make it convenient for the 
user to document their daily intake. Research has 
shown that self-monitoring is crucial to weight loss [6]. 
Experiments were completed using a food image 
dataset [11]. A combination of local and global feature 
types was extracted from the images. Fifteen food 
types were selected with 100 images in each folder. 
Images were manually segmented to remove non-food 
items in images. Features extracted are Speeded-Up-
Robust-Features (SURF), LAB colour features, local 
binary patterns (LBP) features, and SFTA (Segmented 
Fractal Texture Analysis) textual features. SURF 
features and colour features were extracted using a 
Bag-of-Features (BoF) model [12] as described in 
Figure 2. 
 
 
 
 
 
 
 
 
 
 
  
Figure 2. Illustration of the BoF process. 
Four Machine learning classifiers, Naïve Bayes, 
Sequential minimal optimization (SMO), Random Forest 
and Neural Network were used in the study for 
comparison. Table 1 lists the classifier parameters that 
were used in the experiments. Matlab (vR2016a) was 
used to extract features from the image training set 
and Weka (v3.7.13) was used for the classification. 
Preliminary evaluation metrics such as accuracy were 
used to measure the performance using 10-fold cross 
validation. 
Table 1: Table showing classifier parameters used. 
 
 
 
 
 
 
 
 
 
Energy Intake Input – Crowdsourcing 
The second research study involved in researching the 
use of crowdsourcing to determine the calorie content 
in meals. The use of crowdsourcing to predict calories 
 
Classifier Parameters 
Naïve Bayes Weka Default 
SMO Kernel: PolyKernel 
Random Forest 300 Trees 
Neural Network  2 layers, 100 nodes in each layer. 
Figure 1. Proposed Obesity Management Framework 
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 in meals has been explored with promising results [7]. 
The main aim of this study was to determine the 
feasibility of identifying calories of meals in 
photographs. This work is a continuation of research 
completed in [10]. The objective of this research is to 
determine the accuracy of individuals estimating 
calories of meals using an online survey and to 
determine differences in accuracy between experts and 
non-experts. Two user groups were recruited, experts 
and non-experts. The experts group consisted of 
dieticians and nutritionists. The non-expert group 
consists of adults aged 18-65 who are self-reported as 
healthy and are not dieticians or nutritionists. Both 
groups completed the same online survey which 
consists of a series of demographic questions and also 
15 photographs of meals. They were asked to estimate 
the calorie content in each photograph. The survey also 
consisted of a section that asked participants about 
their confidence levels in predicting calorie content. 
Statistical analysis was applied to measure percentage 
agreement e.g. percentage error between experts and 
non-experts, determining difference between mode and 
mean of experts and non-experts. When preparing the 
data for analysis, subjects that partially completed the 
survey were disregarded. Data was analysed using 
Microsoft Excel (v2016).  
 
Results 
Food Image Classification 
Figure 3 shows the accuracy results of the classification 
experiments.  
 
 
 
 
 
 
 
 
 
 
 
Figure 3: Results of 10-Fold Cross Validation using 4 
classifiers. 
 
Results from experiments using a combination of 
features extracted from the image dataset (SURF, 
Colour, LBP, SFTA) show that the Sequential Minimal 
Optimisation (SMO) classifier achieved the highest 
accuracy with 73.87% (SD 4.56).  
 
Crowdsourcing 
Results revealed that the average percentage difference 
between the non-expert group predictions and the 
actual calorie content was 40.62%(SD 29.39) (n=126) 
and 9.25% (SD 9.24) for expert (n=22). Percentage 
error was calculated to measure how accurate the 
aggregated calorie predictions for each group compared 
to the actual content of each meal. For non-expert 
group the average mode percentage error was 29.07% 
(SD 20.48) and for expert group the average mode 
percentage error was 2.60% (SD 3.87).  Table 2 
contains a list of performance metrics that were used to 
determine which method provides the closest match to 
the actual calorie content. This was completed by listing 
the average absolute calorie difference for each meal 
for each group. An overall average was computed and 
This was then compared it to the true calorie content. 
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 Table 2: Calorie difference between non-experts and experts 
identifying calories in meals. 
 
Discussion & Future Work 
In regards to classifying food images experiments, SMO 
achieved the highest accuracy in predicting food images 
with 73.87% (SD 4.56). Future work will include 
expanding the amount of food types used. Research will 
be completed in changing parameters of each classifier 
to obtain optimal results. From the results the ‘expert 
mode’ result achieves the lowest calorie difference 
compared to other group metrics used. The results also 
show the expert group was predicted calories with a 
9.25% difference compared to the true calorie content. 
Non-expert groups were not as successful, with a 
40.62% percentage difference. In regards to 
crowdsourcing, further evaluation analysis will be 
completed in comparing individual participant 
predictions against aggregated group predictions. More 
participants will be invited to complete the survey to 
gather more responses. 
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